Many classification algorithms have been developed to distinguish brain activity states during different mental tasks. Although these algorithms achieve good results, they require many training loops to make a decision. As the complexity of an algorithm grows, it becomes more and more difficult to execute commands in real time. The detection of eye movement from brain activity data provides a new means of communication and device control for disabled and healthy people. This paper proposes a simple algorithm for offline recognition of four directions of eye movement from electroencephalographic (EEG) signals. A hierarchical classification algorithm is developed using a thresholding method. A strategy without a prior model is used to distinguish the four cardinal directions and a single trial is used to make a decision. Using a visual angle of 5°, the results suggest that EEG signals are feasible and useful for detecting eye movements. The proposed algorithm was efficient in the classification phase with an obtained accuracy of 50-85% for twenty subjects.
Introduction
People suffering from diseases such as locked-in syndrome, Lou Gehrig's disease, and muscular dystrophy are unable to communicate because they lack control of their voluntary muscles. However, these patients are still conscious and their mental abilities are unimpaired. Brain-computer interface (BCI) technology is now being incorporated into their treatment, offering the promise of a greatly enhanced quality of life [1] [2] [3] .
Since these patients are cognitively aware, one avenue of research is monitoring brain activity via tools such as electroencephalography (EEG) and incorporating the data into the BCI. EEG data could be used to allow patients to control movement in four directions. Many research groups have proposed algorithms for interpreting and classifying EEG data for use in BCIs. These groups have monitored different aspects of brain activity such as motor imagery and steady-state visually evoked potential (SSVEP) via EEG and achieved good classification accuracy via these algorithms. However, most of these algorithms are computationally complex (e.g., [4, 5] ) and the classification accuracy of a four-class BCI, measured using EEG is only between 40% and 70%. Thus, while EEG-based BCIs are a reality, this classification problem prevents viable practical application of this technology [6] [7] [8] [9] [10] [11] . Some patients still have voluntary control of the muscles controlling eye movement. Thus, the monitoring of eye movement can help these patients communicate with their environment and control devices.
A number of techniques have been used to detect eye movements [12] [13] [14] . Several human-machine interfaces are based on intrusive techniques such as electrooculography (EOG) [15, 16] . An EOG signal is used to allow the disabled to control wheelchairs as well as to play games. EOG is a simple and easy method to measure eye movement and seems suitable for reallife applications. However, EOG would be inappropriate for some applications, such as driving a car, because of the need to put the electrodes on the user's face [17] , which would reduce the field of vision. Other drawbacks include no established positions for EOG electrodes, discomfort associated with electrodes positioned around the eyes, and the influence of facial expressions on the quality of the signals. In addition, a large visual angle of 30° is required to detect eye movement in most research using EOG signals [18] [19] [20] [21] [22] [23] . This large visual angle leads almost immediately to eye fatigue, exhausting the user.
There is a huge opportunity for advancement in this field by combining EEG and EOG data. This approach could help not only the disabled, but also regular consumers through the development of BCI systems for intelligent cars [24] . Such BCI systems could detect when a driver is becoming drowsy and take appropriate action to prevent accidents [25, 26] .
Some researchers have countered that a system that uses both EEG and EOG data is not viable, particularly because eye movements and blink contamination are pervasive problems in EEG-based BCI research. The "noise" generated by eye movements and picked up by EEG is considered an artifact that should be removed from EEG signals [27] . However, the present authors feel that these artifacts are actually EOG data which can be measured via EEG. These artifacts are actually a valuable source of data and are useful for communication and control. Our research has shown that the same data can be obtained from EEG and EOG signals using the same number of electrodes with almost the same classification accuracy. In light of the problems associated with collecting EOG signal data, particularly related to physical discomfort caused by the electrode positions, EEG is preferable to EOG. The results of other studies also support this use of EEG data [28] [29] [30] [31] [32] .
This present study focuses on the following four points:
1. The development of an algorithm for BCI classification. This algorithm is suitable for real-time applications using EOG artifacts to control the movement in four directions. 2. Verification that EEG and EOG signals result in almost the same classification accuracy. 3. Examination of the effect of the visual angle on classification accuracy. 4. Examination of variability and non-stationary of EEG signals by testing several participants on different days.
EEG recording and experimental paradigm
Two experiments were conducted to validate the use of EEG signals for the detection of eye movement. In the first experiment, nine subjects were selected with a mean age of 24 years (standard deviation (SD): 2.41). All subjects reported normal or corrected-to-normal vision. Ten sessions were conducted for each participant. Each session was composed of 40 trials (10 trials for each eye direction). The volunteers were seated in a chair and instructed to watch a monitor located approximately 73 cm away at eye level. The subjects stared at a graphical interface containing 5 balls spread out on a cross, including a randomly moving white ball. The distance between two adjacent balls was 7 cm (i.e., visual angle (θ) was almost 5°). The participants were asked to follow the random positions of the white ball in each direction. In each session, during the first 10 s, the white ball was centered so that the subjects could focus on. The ball started moving in one of four directions (up, down, right, or left) for 1 s and then returned to the initial central position (see Fig. 1(a) ). The subjects were asked to blink only when the white ball was in the center. Figure 1(b) shows the experiment framework and tools. EEG signals were acquired using a biosignal amplifier and acquisition/processing system (g.USBamp, g.tec medical engineering GmbH, Austria). The electrodes were applied on the scalp at locations according to the international 10-20 system. To obtain the best information, 16 electrodes concentrated around the frontal lobe of the brain were recorded. This approach assumes that the brain activity signals associated with responses from eye movements can be recorded from the same brain area regardless of the conditions of acquisition. In the second experiment, the influence of the visual angle on the amplitude of EEG and EOG signals was determined. EEG and EOG signals were acquired using the g.USBamp system with active electrodes. Four electrodes were used, two electrodes were placed on the scalp at positions F 7 and F 8 to measure EEG signals, and two other electrodes were placed around the right eye to measure EOG signals. In this experiment, two subjects (S 1 and S 2 ) from the first experiment and 11 new subjects (i.e., a total of 13 subjects) with a mean age of 24 years (SD: 3.38) were selected. The volunteers were seated in a chair and instructed to watch a monitor located at various distances away at eye level. For each subject, 16 sessions were conducted (i.e., 4 sessions for each visual angle). The subjects were asked to follow the same instructions as those in the first experiment.
The EEG and EOG signals elicited in response to presentations at visual angles of 30°, 20°, 10°, and 5° were recorded. The visual angle can be measured directly using a theodolite or calculated using:
where d is the distance between two adjacent balls and D is the distance between the monitor and the user. For visual angles smaller than about 10°, a simpler formula provides very close approximations:
Methods

Pre-processing phase
EOG signals can be observed from EEG data. This section examines the properties of eye movement artifacts. There are several linear models for regression-based artifact correction. As the movement of the eyeball with respect to the head can be explained with only two spatial components, this following model shown below takes only vertical and horizontal EOG measurements into account:
In this paper, EOG(t) artifacts is used to distinguish the four cardinal directions. Some preprocessing steps are used to separate the EOG component from EEG signals. The first preprocessing step is eliminating a portion of the signal in the time domain. A 1-s interval is selected using a rectangular window at the moment when the white ball started moving.
where S is the EEG signal (n = 1, 2, ..., 256) and m is the number of electrodes (m = 1, 2, ..., 16). In the first step, the baseline is removed using:
The EEG signals are normalized after baseline removal. The normalized value is defined as:
where X max is the positive maximum of the absolute value of X i (+Max(abs(X i ))) and X min is the negative maximum of the absolute value of X i ( -Max(abs(X i )).
This type of normalization is used in order to keep the characteristics of negative and positive signals referred to in equation (9) . The EEG signal is known to be very noisy because electrical interference can easily be generated by the muscle activities of eyes or the face. Least-squares polynomial approximation with a degree of 10 is used to eliminate noise and to smooth the signals. The least-squares method is a standard approach for obtaining an approximate solution for over-determined systems. The overall solution minimizes the sum of the squares of the errors made in the results of every single equation. Figure 2 shows an example of 16 channels of EEG signals before and after the preprocessing phase. 
Feature extraction
The signal noise associated with brain activity, together with the subjects' state of mind and the changes in the acquisition conditions, make the linear classification of EEG data almost impossible. To obtain significant discrimination, the proposed method extracts a large number of independent features by expanding the feature space to obtain a wide margin of inter-class discrimination and to minimize the intra-class variation. In a discrimination problem, a descriptor is not intended to reconstruct signals; for example, the average and standard deviation of the signal can be used as descriptors/ features in classification problem but they can't reconstruct the original signal. On this basis and in accordance with our strategy, a large number of descriptors is built. Therefore, the goal is to find a space that makes the extracted features more independent.
With careful visual observation, it was found that simple arithmetic operations can be used to separate the four eye directions. The electrical potential of the AF 7 , F 7 , FT 7, and T 7 channels and that of the AF 8 , F 8 , FT 8, and T 8 channels tended to exhibit different polarities when the eyes moved to each of the four directions. These eight electrodes placed on the forehead are the most useful for detecting eye movement.
This unique information can be decoded and used in the classification phase, as shown in Fig. 3 . Therefore, an average (X new ) of smoothed signals is proposed as a pattern to obtain better discrimination of the four directions: 7  8  7  8  7  8  7  8 , ,
( 1 0 ) Figure 3 . Generated signals by eye movements. The four signals corresponding to electrodes AF7, F7, FT7, and T7 are shown as thick lines, and those corresponding to electrodes AF8, F8, FT8, and T8 are shown as dashed lines.
The pattern X new maximizes the margin between three classes (right, left, and up or down) by subtracting signals recorded from electrodes on the left and right hemispheres. However, the up and down directions are difficult to distinguish using only the X new signal. To distinguish between the up and down directions, the average of smoothed signals of 8 electrodes, Y, is proposed:
The results obtained by calculating X new and Y signals indicate that, each class can be easily distinguished. Therefore, an algorithm that can distinguish between the four eye movement directions without the use of machine learning techniques (and thus no training phase) is proposed.
Hierarchical classification
Among the many methods for solving classification problems, support vector machine (SVM) is one of the most popular supervised learning algorithms. In this paper, we were able to prove that a classification strategy using significant patterns is more important than using a strong classifier obtained from machine learning. Therefore, an algorithm that uses a hierarchical approach based on the thresholding method is developed to distinguish between the four classes.
In the first step of the classification, X new is used to distinguish between three classes (right, left, and up or down), and then Y is used to separate between up and down directions.
For both X new and Y signals, the surface areas of the positive and negative peak waves are used as patterns for the extraction phase. The surface area values D and DD were calculated using X new and Y, respectively. The waves were situated between 200 and 400 ms from the time when the ball started moving. The surface area of the absolute values of X new signals tended to be higher for right and left directions than for up and down directions. The organization chart of the proposed algorithm is shown in Fig. 4 . To calculate the surface areas D and DD of the positive and negative peak waves, the trapezoidal method (Trapz method) was used for numerical integration. In numerical analysis, the trapezoidal rule (also known as the trapezoid rule or trapezium rule) is a technique for approximating the definite integral. The trapezoidal rule works by approximating the region under the graph of the function as a trapezoid and calculating its area:
where a and b are the values indicate a time interval and t is the time. In the algorithm, the surface areas D and DD for X new and Y, respectively, are calculated. Then, T 1 and T 2 are fixed as threshold values for each subject. The individual threshold values for each subject were determined using some of the data (the first session) for each subject. Then, common thresholds that were suitable for all nine subjects were determined (T 1 = 15, T 2 = -15). The D value was used to distinguish between the three classes (right, left, and up and down), and the DD value was used to distinguish between up and down directions:
In the algorithm shown in Fig. 4 , D > T 1 represents the right direction, D < T 2 represents the left direction, and T 2 < D < T 1 represents the up or down direction. The sign of DD is used to distinguish between up and down directions.
Results and discussion
The classification rate was calculated as the proportion of actual positives which are predicted positive:
where NT is the number of trials with a true prediction and NF is the number of trials with a false prediction. Using our simple algorithm, a mean accuracy of 62.62% (SD: 11.32%) was obtained using the common threshold values for all nine subjects (T 1 = 15, T 2 = -15). Using the best thresholds for each subject, an accuracy of 64.89% (SD: 9.56%) was obtained (see Table 1 ). No significant difference was found using the paired t-test (T(8) = 0.031, p = 0.749). Saccades could be detected online without the need to normalize the data. Therefore, our simple algorithm was tested without the normalization step. A mean accuracy of 61.15% (SD: 12.06%) was obtained.
Recording EEG signals during a free-viewing task or other kinds of eye movements has several technical and data-analysis problems. The three main challenges are: classification, reducing influence of visual angle on signal amplitude, and selecting the number of electrodes. Each problem and possible solutions are discussed below.
Classification
We addressed the four-class classification problem (i.e., chance level of 25%). Many classification algorithms have been proposed. Multi-class classifiers have been recently used with great success in difficult pattern recognition problems. SVMs are a popular machine learning method for classification, regression, and other learning tasks. The proposed algorithm was compared with multi-SVM and hierarchical SVM. SVM involves the adoption of a nonlinear kernel function to transform input data into a higher-dimensional feature space, in which it is easier to separate data. The iterative learning process of SVM finds optimal hyperplanes with the maximum margin between each class in the higher-dimensional feature space. The maximum-margin hyperplanes are the decision boundaries for distinguishing data clusters. The larger the distance between hyperplanes and group data the better is the classification performance. The present study used LIBSVM software [33] to build the SVM classifier. The radial basis function (RBF) kernel was chosen to nonlinearly map data into a higher-dimensional space. SVM involves:
1. A nonlinear mapping of an input vector into a higherdimensional feature space that is hidden from both the input and the output. 2. The construction of an optimal hyper-plane for separating the features.
Firstly, instead of using the thresholding method, a combination of multi SVM and SVM was used. Multi-SVM was used to distinguish between three classes (left, right, and others: up or down). SVM was then used to distinguish between up and down classes. The proposed algorithm was compared with an algorithm based on combination of SVM and multi-SVM, and same features for both algorithms were used. The classification of four eye directions achieved a mean accuracy of 61.2% (SD: 8.66%) with no significant difference compared with the proposed algorithm (T(8) = 0.099, p = 0.355). Although the combined algorithm showed better results than those obtained using multi-SVM alone without feature extraction, it showed no significant difference compared to the proposed algorithm even though it was computationally complex. Therefore, it seems to be unsuitable for real-time applications because it needs a training phase for each new subject and the classification rate compared with that of the proposed algorithm is almost the same (see Table 2 ). Next, the proposed algorithm was compared with a conventional hierarchical SVM classifier. A mean accuracy of 57.6% (SD: 10.35%) was obtained for the hierarchical SVM classifier with no significant difference compared with the proposed algorithm (T(8) = 0.931, p = 0.291) (see Table 3 ). The proposed algorithm mainly has many advantages; being simple, fast, easy to programming, and other advantages such as:
 a linear classifier  training phase not needed (without a prior model)  fixed common thresholds used for all subjects The proposed algorithm was used for distinguishing between the four directions of eye movement. For each direction, a corresponding threshold obtained from experiments was defined. In this simple algorithm, only basic mathematic operations are used. Remarkably, an accuracy of around 80% was achieved for subjects 2 and 7 without a training phase and just a single trial used to make the decision.
Influence of visual angle on performance
In the second experiment, the influence of visual angle on the amplitude of EEG and EOG signals was investigated. Electrodes were applied on the scalp at positions F 7 and F 8 because these positions showed the biggest amplitude in the first experiment. EEG signals contain EOG signals. The amplitude of EOG signal is known to be directly proportional to the vision angle. Thus, the amplitude of EEG signals is also directly proportional to the vision angles:
where K 1 is a proportional coefficient. The influence of visual angle on the amplitude of EEG and EOG signals is shown in Fig. 5 . The amplitude of EEG changes proportional with visual angle, this unique characteristic can be used to detect gaze and control the direction and speed of a wheelchair without the need of developing a hybrid technique if the initial positions of the eyes are known. Finally, we remarked that the characteristics of eye movements getting from EEG signals are the same one as the characteristics getting from EOG signals.
To detect eye movement, two electrodes over the frontal lobe are sufficient, which is the most important advantage of using EEG signals.
Ch.H = , , The effect of noise on classification is a major problem that decreases the usefulness of EOG-based human-machine interfaces. For EOG signal classification, a simple and effective non-pattern recognition algorithm based on threshold analysis and time-domain features was used in [34] . The classification accuracy obtained using EEG and EOG signals with various visual angles, is shown in Tables 4 and 5 . The classification accuracy was highest for a visual angle of 30°, but this angle is unsuitable for frequent use. Using EOG and EEG signals with the same number of electrodes for four visual angles gave almost the same classification accuracy, with no significant difference (T(3) = 0.223, p = 0.245).
In this paper, using minimal number of electrodes for detection of eye movements (directions and visual angles) from EEG signals was proved as a novel approach to improve the communication for healthy and disabled people without the need of training, adaptation or hybrid technique to control the direction and speed of a wheelchair [35] . For real applications, we are going to propose a new design similar to a headset or headband attached to two electrodes [36] instead the g.tec equipment (cap and several electrodes). Usually for real-time applications, eye movement recognition is based on the detection of consecutive saccades in the horizontal and vertical EOG. The basic idea selected in some papers has been to detect eye movement using a simple thresholding process [37] or using a wavelet technique [38] . These techniques can be applied to EEG signals in the detection phase, with the proposed algorithm used for the classification phase [39] .
Conclusion
This paper presented a novel approach for eye-movement-based communication systems. A simple algorithm was developed for offline classification of eye movement from EEG signals without any training phase. The major difficulty with such an algorithm is the variability of data. Although we still need to investigate whether common thresholds can be applied to newly recorded data of new subjects, the results show that the proposed algorithm is promising for real-time applications.
In the future, we would like to design a suitable device to make the user more comfortable using just two electrodes around the ears. The goal is non-invasive, asynchronous, and hybrid BCIs based on EEG and EOG because they are suitable for practical machine control, inexpensive, and potentially portable. We aim to use the proposed algorithm for the real-time control of a wheelchair, flying a helicopter, or driving a car, and to incorporate other kinds of eye movement, such as blinking, for start and stop commands. 
